The impact of quality on the demand facing health care providers has important implications for the industrial organization of health care markets. In this paper we study the consumers' choice of general practitioner (GP) assuming they are unable to observe the true quality of GP services. A panel data set for 484 Norwegian GPs, with summary information on their patient stocks, renders the opportunity to identify and measure the impact of GP quality on the demand, accounting for patient health heterogeneity in several ways. We apply modeling and estimation procedures involving latent structural variables, inter alia, a LISREL type of model, is used. The patient excess mortality rate at the GP level is one indicator of the quality. We estimate the effect of this quality variable on the demand for each GP's services. Our results, obtained from two different econometric model versions, indicate that GP quality has a clear positive effect on demand.
Introduction
Asymmetric information between physicians and their patients is a basic characteristic of the market for health care services. In the words of Arrow (1963) 
"...medical knowledge is so complicated, the information possessed by the physician as to the consequences and possibilities of treatment is necessarily very much greater than that of the patient, or at least so it is believed by both parties".
Patients are therefore often considered to be poor judges of service quality. However, those who have repeated encounters with the same health care provider, will accumulate information on services and treatment outcomes, thus narrowing the information gap. The market for general practitioners' services is characterized by durable doctor-patient relations that may improve the patients' quality assessment. The aim of this paper is to investigate empirically whether the demand facing a general practitioner (GP) responds to the quality of the provided services.
General background
The impact of quality on the demand facing health care providers has important implications for the organization of health care markets. There is a growing literature on competition and quality in such markets, from which an important result is that the effect of stronger competition on quality depends crucially on the relative sizes of the price elasticity and the quality elasticity of demand. More competition may bring about reductions in quality if the quality elasticity is small compared to the price elasticity (Dranove and Satterthwaite, 2000, Gaynor, 2006) . Further, the impact of quality on the demand facing health care providers has important implications for the optimal design of payment systems. A familiar result is that a retrospective payment scheme in the form of cost reimbursement is likely to pursue the goal of quality provision while giving weak incentives to provide cost reducing efforts. Conversely, prospective payment schemes tend to strengthen the incentives for cost reduction, while weakening the incentives for providing quality. A combination of payment mechanisms is thus likely to perform better than payment systems employing only one parameter. However, if quality affects demand, a first-best solution can, in theory, be obtained under a pure prospective payment scheme (Ma, 1994) . This suggests that the effect of quality on demand -and information on its numerical size -is a key factor determining the optimal calibration of the parameters in the payment system: If the market punishes providers who are skimping on quality, the payment system can put more weight on the parameters that encourage cost reducing efforts.
Relation to literature
A conventional empirical approach when seeking to assess the effect of quality on demand for health services is to estimate the effect of provider characteristics on individual con-sumers' choice of provider, applying different models for individuals' discrete choice. An influential paper in this tradition is Luft et al. (1990) . They specifically study the effect of quality indicators such as death and complication rates, teaching status of hospital, and out of state admissions on patients' choice of hospital, using logit models, and find positive effects for several of the applied indicators. Using similar quality indicators and methods, Burns and Wholey (1992) extend the framework by including in their logit models characteristics of the admitting physician. They find that quality affects demand positively, and that characteristics of the admitting physician are important determinants of patients' hospital choice. More recently, Howard (2005) , applying a mixed logit model on data on kidney transplantations, estimated the effect of the deviation from expected failure rate on probabilities of hospital choice. The results indicate that hospitals with a higher than expected failure rate have smaller probabilities for being chosen. A different empirical strategy is followed in Chirikos (1992) , in estimating, by linear regression, the effect of individual hospitals' quality spending on their market shares. The results support the hypothesis that increased provider quality affects demand positively.
The present paper adds to the literature in several ways. First, no previous empirical studies seem to have considered the demand effects of quality in the market for general practitioners. Second, in the current literature the relationship between demand and various indicators of quality, such as mortality rates, failure rates or hospital type, and other independent variables, are estimated separately. The present paper contributes to the literature by simultaneously estimating the relationship between demand and several quality indicators, applying linear structural equation modeling (LISREL) and estimation methods. Within this framework we acknowledge both the multidimensional aspect of the quality concept, and that it may be considered as more appropriate to interpret outcome measures such as mortality rates or failure rates as functions of quality, rather than as measuring quality itself. Third, our econometric model has a wider field of application as it provides a method to separate the effect of quality on outcome measures from the effect of patient health.
Setting of the study
In June 2001 a regular GP scheme was introduced in Norwegian general practice, making the GPs responsible for the provision of primary care services to the persons listed at their practice. Prior to the reform the health authorities gathered the information needed to assign one GP to each Norwegian inhabitant. All inhabitants were asked to rank their three most preferred GPs in a form, and all GPs were asked to report the maximum number of patients they would like to take care of. An algorithm was designed to utilize this information and obtain a one-to-one match between inhabitants and GPs.
Our data set has a panel format with the GP as the observation unit, but for some variables only one observation per GP exists. The data stem from The Norwegian General Practitioners Database, covering all Norwegian GPs, supplemented by measures of the GP density in each municipality and of age-gender specific mortality rates. Among the variables recorded are the number of persons who ranked each GP as most preferred when returning the entry form, the number of mortalities among each GP's listed patients during a six-month period, and the proportion of the listed persons who switch to other GPs in later periods. For a stratified sample of GPs, relating to 14 municipalities, from this official GP database the data set has been extended to also include the median income and wealth of the listed persons and the proportion of them who have not finished highschool. In the analysis, we interpret the number of first-rankings and the proportion of listed persons who switch to other GPs, as indicators of the demand facing each GP. Our main hypothesis is that there exists a latent stochastic variable, denoted as GP quality, which, when heterogeneity related to the health status of the listed persons and other observed heterogeneity have been accounted for, is positively related to the demand facing each individual GP and negatively related to the recorded excess mortality of the GP's listed patients. We find empirical support to this hypothesis.
Two kinds of models are considered: a Panel Data model with latent heterogeneity related to perceived GP quality and a multi-equation LISREL type of model, including both GP quality and the health of the stock of persons on the GP's list as latent variables, both of which are assumed to affect demand as well as other observed variables. For some variables, including the proportion of persons switching and the excess mortality, we have data in the panel data format. This is profitable for quantifying the latent heterogeneity and its consequences.
The rest of the paper proceeds as follows. The modeling of the demand in the market for GPs is discussed in the following two sections. In Section 2, we present a theoretical argument supporting the view that the expected demand facing each individual GP can be a function of quality, even if the true quality is unobserved to his/her potential patients. The discussion motivates testable predictions and hypotheses to be examined in the paper. In Section 3, we present the two econometric models. The data are described in Section 4, while estimation and test results are presented in Section 5. In Section 6 we discuss the results and conclude.
2 A model of patients' quality perceptions and demand for GPs
Quality and demand
In order to model the consumers' choice of GP when they are unable to observe the true quality of GP services, we first show that if the errors in the quality assessment of potential patients have certain properties, the demand for GPs will depend on quality even when the latter is unobservable. Consumers are imperfectly informed about the quality of GPs and we therefore distinguish between true and perceived quality. We assume that the only criterion for selecting a GP is the perceived quality of the services provided. Quality of health care services is a complex entity that is not easily represented by a scalar measure. In this model, however, quality can (in principle) be quantified and completely described by a number on a finite scale. One may thus think of quality as an input factor in the GP's 'health production function'. While predetermined abilities, such as individual talent, obviously influence quality, the GP also has discretionary power to influence quality by the exertion of 'quality generating efforts', such as concentration. The individual GP's quality of services is determined by his/her abilities and preferences and we assume that the latter are both time invariant, implying that quality also is time invariant. The consumer's information set is comprised by quantitative information on the quality of each available GP. This information, however, is 'contaminated' by stochastic errors. The quality of GPs as perceived by a consumer may be higher or lower than the true quality, and two consumers are likely to have different beliefs regarding the quality of the same GP. The stochastic properties of what we may think of as measurement errors drive the matching of consumers and GPs in the model. Let µ j denote the true quality of GP j (j = 1, . . . , M ), while q ij denotes the quality of GP j as perceived by consumer i (i = 1, . . . , N ). We assume that q ij is normally distributed with E(q ij ) = µ j and var(q ij ) = σ 2 j , i.e., the distribution of the perceived quality differs between GPs. We thus allow for the possibility that the population of consumers may have more accurate information about GPs who have been active in the market for a long time (low σ 2 j ) compared to GPs who have established their practice recently (high σ 2 j ). We let u ij = q ij −µ j and assume that the M N u ij s are uncorrelated both across GPs and over consumers. Altogether, we can therefore state our assumptions as
We simply assume that consumer i considers perceived quality q ij as indicating the true quality of GP j. Since the normal distribution has an infinite support, the distribution of perceived qualities associated with the GPs with the highest and the lowest true quality overlap. This ensures that even if µ j < µ k , there is a positive probability that q ij > q ik , so that any GP has a strictly positive probability of being selected by any consumer. This implication seems reasonable if the differences in true quality is not too large.
Matching GPs and consumers
We may think of the matching of GPs and consumers as a lottery. A draw is a realization of q i1 , q i2 , . . . , q iM , that is, the realizations of the beliefs of the quality of each and one of the GPs for consumer i. There are thus N independent drawings performed in the market, one for each consumer. Let φ(q ij ; µ j , σ 2 j ) denote the density function of q ij , the 4 perceived quality of GP j, which according to (1) is distributed as N(µ j , σ 2 j ). To simplify notation we let ∆ ijk = q ij − q ik be the difference between consumer i's perceived quality of GPs j and k. It follows from (1) that ∆ ijk ∼ N(ν jk , θ 2 jk ), with density function φ(∆ ijk ; ν jk , θ 2 jk ), where
Let A jk denote the event that ∆ ijk > 0 for an arbitrary consumer, i. Then
is the probability that GP j has a higher perceived quality than GP k. Since the draws are assumed to be independent, the event that GP j has the highest perceived quality in a random draw can thus be expressed as
The probability of this event can be expressed as:
The probability that GP j has the highest perceived quality in a draw, π j , is a function of
follows from (2) and (4) that ∂π j /∂µ j > 0 and ∂π j /∂µ k < 0, k = j. Hence, for all GPs, the probability of being selected by any consumer is an increasing function of the true quality. When consumers select the GP with the highest perceived quality, the expected demand facing GP j is π j N . The expected demand facing any GP therefore changes in proportion to the number of consumers in the market. Or stated otherwise, the probability of being selected by a random consumer can be interpreted as the GP's expected market share. The ex-post market share converges to the probability of being selected by a random consumer as the number of drawings increases.
From this model we can make the following predictions:
[P1] GPs with high quality of services have a higher probability of being selected by a randomly chosen consumer than a GP whose services are of lower quality.
[P2] The selection probabilities π j are independent of the number of consumers, N . For a given population of M GPs, expected demand for the services of any of them, is a linear function of N .
This, rather simple, model implies that the consumers are unable to affect the precision of their own quality assessment, reflected by the assumption that perceived quality of GP j has the same variance, σ 2 j , for all consumers. The model could be generalized to allow for consumer heterogeneity in the sense that some are more skillful or eager in gathering and processing information in the market than others. This could have been accounted for by replacing σ 2 j by σ 2 ij , where σ 2 ij < σ 2 hj if consumer i has taken efforts to become better informed about GP j's quality than has consumer h. A prediction from such an extended model may be that high-quality GPs tend to have a higher proportion of skilled or eager consumers on their lists than the low-quality GPs (Godager, 2008) . The possible existence of such a selection mechanism is important since consumers who are skilled or eager in collecting information, may have a health status and a death probability different from those not so skilled or eager.
The crucial question then becomes: which groups of consumers, according to observable characteristics, devote most attention and efforts in searching for the best GP? On the one hand, less healthy consumers, with a high expected mortality rate, may be thought to be particularly concerned about their choice of GP and as a result be more willing to collect information than the average consumer. This may contribute to increasing the average mortality rate among the patients listed with high-quality GPs. On the other hand, consumers who are more healthy and resourceful and have low expected mortality may be particularly able to collect and process such information. This may contribute to the outcome of the selection mechanism being reversed, i.e., lowering the average mortality rates of the persons listed with high-quality GPs. Consequently, from a priori reasoning it is not obvious that the outcome of (observed or unobserved) patient heterogeneity will be neither that high-quality GPs attract patients with an average health status which differs from that of the low-quality GPs, nor if there is a difference, in which direction it will go. If a mechanism systematically selecting patients with different expected mortality rates for GPs of different professional quality is at work, and heterogeneity in health status among listed patients is not taken care of in our modelling, we are likely to face severe difficulties when trying to estimate the impact on demand of GP service quality. The models to be described below have different degree of sophistication and are not equally well designed to meet this challenge. We address this issue in more detail in sections 3 and 5.
In elaborating the theory element above, we, for simplicity, have considered the consumers' mean perceived quality of GP j, µ j , as non-stochastic. This interpretation is provisional and intended to be valid only in a conditional sense. When, in the following, this theory element will be embedded in an econometric model involving both latent and observed variables related to GP quality, this variable will change its status and become a latent, stochastic variable.
Econometric models Motivation
In order to represent, and hopefully quantify, how the demand for GP services responds to GP quality and other relevant variables -as motivated by the theoretical argument put forth in the previous section -two kinds of models will be considered. The first, Model A, is a two-equation Panel Data model accounting for latent unit-specific heterogeneity. We associate the latter with, inter alia, perceived GP quality. The second, Model B, is a more complex, multi-equation model of the LISREL type. It includes not only GP quality among its latent variables, but also the initial health status of the persons entered on the GPs' lists. This extension serves to control for the fact that GP quality and observed GP heterogeneity may interact with observed and latent heterogeneity of the listed persons in multiple ways when determining demand as observed in the market.
Model A: Two-equation panel data random effects regression model
Assume that, in a certain district, at time t, there are M t GPs, indexed by, j = 1, . . . , M t , and N t patients, indexed by i = 1, . . . , N t . As before, we let µ j denote the true quality of GP j, unobserved both to the consumers and the health administrators, and now treated as stochastic. Let further y 1jt and y 2jt denote two observable variables, which may be considered indicators of µ j at time t. The interpretation adopted in Model A is that y 1jt is the demand facing GP j, and y 2jt is the excess death rate of persons on the list of this GP at time t. We specifically measure demand only by the number of consumers ranking the GP as the most strongly preferred prior to the implementation of the regular GP reform, and it is observed in period t = 1 only. The variables assumed to explain (y 1j1 , y 2jt ) are quality and observable variables, of which some vary across both GPs and time periods, denoted as two-dimensional variables, and some are GP-specific.
We specify
where (x 1j1 , x 2jt ) and (z 1j , z 2j ) are the row vectors of two-dimensional and GP-specific variables, respectively, β 1 , γ 1 , β 2 , γ 2 are column vectors of coefficients, and (α 1j , α 2j ) are stochastic latent variables relating to the GP j's quality, the latter assumed to affect patients' demand as well as their mortality. A crucial part of the model are the equations which connect these latent variables with the latent quality µ j . We consider two ways of formalizing this relationship stochastically, denoted as Versions 1 and 2. In both versions, parallel with the extended scope of the model, the statistical status of µ j will be changed from being a deterministic expectation, interpreted conditionally, to being a latent stochastic variable, the distribution of which is specified as part of the econometric panel data model.
Latent heterogeneity. Version 1: We first specify
where we expect λ 1 > 0, λ 2 < 0, and σ ε1ε2 = σ ε2ε1 < 0. When µ j is low, i.e., when GP j is a low-quality doctor, then his/her patients will have a higher mortality rate than can be explained by (x 2jt , z 2j ), and he/she will meet a lower demand than can be explained by (x 1j1 , z 1j ). Equations (5) and (7) define a four-equation system of structural equations explaining (y 1j1 , y 2jt , α 1j , α 2j ) by (x 1j1 , x 2jt , z 1j , z 2j , µ j ) and noise terms. Inserting (7) into (5) yields the reduced form
The alternative version is
where we expect λ < 0. Equations (5) and (10) define a three-equation system of structural equations which explains (y 1j1 , y 2jt , α 1j ) by (x 1j1 , x 2jt , z 1j , z 2j , α 2j ) and noise terms. Inserting (10) into (5) we get, instead of (9), the reduced form
The latter equations, with λ = λ 1 /λ 2 and ε j = ε 1j − λε 2j , could, of course, alternatively have been derived from (5) and (7). However, when (8) holds, (12) is not a reduced form, since α 2j is correlated with ε 2j and therefore with the composite disturbance in the cross section equation in (12), ε j + u 1j1 .
The basic differences between the two model versions can be explained as follows: First, it follows from (7) and (8) that Version 1 implies
, and cov(α ij , ε kj ) = σ εiεk (i = 1, 2; k = 1, 2), which violate (10)-(11). Second, while Version 1 treats latent quality µ j as a symmetric 'causal factor' for y 1j1 and y 2jt , Version 2, by treating α 2j as the latent causal factor, introduces an asymmetry in the way quality affects latent GP-specific heterogeneity in the two equations in (12). The empirical implementation of Model A, to be presented in Section 5, relies on Version 2, in that estimation is done sequentially and a predicted value of α 2j obtained from the second equation in (12), the excess mortality equation, serves as a proxy for GP quality in the first equation, the demand equation. The estimators used in Section 5 may thus be consistent in Version 2, but inconsistent in Version 1.
Model B: LISREL model with GP quality and patient health latent
Model A gives a rather restrictive, uni-directional description of how demand for GP services is related to GP quality. A LISREL model, i.e., a linear multi-equation structural model with both manifest and latent structural variables may be a better solution to the problem of modeling sample separation. Model B, now to be described, belongs to this class. See Goldberger (1972) , Jöreskog (1977) , Aigner et al. (1984, Sections 4 and 5) , and Jöreskog et al. (2000) for further discussion of LISREL models.
Again, we exploit the panel design of our data set, with the GP as the observational unit, containing GP-specific time-series for some variables, including patient-switching and mortality rates, as well as GP-specific and patient specific time invariant variables. We let t be the time index and suppress the GP subscript. Boldface and slim letters denote matrices/vectors and scalars, respectively. Model B has three categories of variables: observable (manifest) structural variables, latent structural variables, and error/noise variables. In the baseline version of the model, the categorization of the variablescorresponding to the standard notation for latent and manifest variables in the LISREL documentation -is as follows:
y 1 : Number of persons wanting to be entered on list initially, in period 1 (scalar) y 2t : Number of persons switching to another GP in period t (scalar) A basic hypothesis of the baseline version of Model B is that GP quality, ξ 1 , and patient health status, ξ 2 , both time invariant scalars, are exogenous to the rest of the system. The quality variable ξ 1 corresponds to the variable µ j in Model A, Version 1. Time invariance and exogeneity are also assumed for the time invariant GP characteristics, x 4 = ξ 3 , in the model represented by the gender and the country of origin of the GP; see below. These four variables are considered as determined from outside, inherent in the GP and in the patient, and hence are not subject to feedback from the rest of the system. This is an important assumption, which, for at least ξ 1 and ξ 2 , may be questioned. To some extent it will be modified later on (Section 5), in examining the robustness of the primary conclusions concerning the link between GP quality and patient demand to changes in basic assumptions. These genuinely exogenous variables are, in the baseline model, indicated by observable 'counterparts', which, by assumption, become endogenous.
The baseline model has four elements: (i) a demand function for GP services expressed in terms of latent variables, (ii) measurement equations indicating this latent demand, (iii) measurement equations indicating GP quality and health status of listed persons, and (iv) distributional assumptions for the latent exogenous variables and the error terms.
First, the baseline version of the demand function, relating latent demand (endogenous) to GP quality (exogenous), and latent health status and other characteristics of the listed persons (all exogenous), is:
We can interpret Γ 11 , Γ 12 , Γ 13 as (vectors of) structural coefficients and ζ 1 as a disturbance. Second, the baseline version of the measurement system for latent demand is
This subsystem expresses that y 1 , y 21 , . . . , y 2T are treated as T +1 observable indicators of the latent demand for GP services. Technically, in factor-analytic terminology, we can interpret Λ Y 11 and Λ Y 21 as factor loadings for, respectively, the number of persons wanting to be on the list initially (positive loading) and the number of persons switching to another GP in a later period (negative loading), on latent demand. In standard regression terminology, we can interpret Λ Y 11 and Λ Y 21 as the marginal effects of the latent variables on the corresponding observable variables. The error terms (ε 1 , ε 2 ) may contain, inter alia, measurement errors. Third, the baseline version of the measurement system for GP quality and patient health is specified as
This subsystem expresses, that the vector of observed GP characteristics, x 1 , is related to latent GP quality, that the vector of observed patient characteristics is related to latent patient health, and that the T vector of excess mortalities, x 3 , is related to both GP quality and patient health. Technically, in factor-analytic terminology, Λ X11 , Λ X31 can be interpreted as, respectively, factor loadings for GP characteristics and excess patient mortality on latent GP quality. Likewise, Λ X22 , Λ X32 can be interpreted as factor loadings for, respectively, patient characteristics and excess patient mortality on patient health. The error terms (δ 1 , δ 2 , δ 3 ) may, contain, inter alia, measurement errors. The fourth equation in this sub-system simply states x 4 = ξ 3 , which implies, inter alia, that these variables, representing observed heterogeneity of the GPs, are assumed to be error-free. Fourth, the process determining the latent exogenous variables ξ 1 , ξ 2 , ξ 3 is modeled in terms of their first-order and second-order moments as follows:
while the distributions of the error and noise terms are assumed to satisfy
The final assumption, (21), where ⊥ denotes orthogonal, is crucial for the modeling of causality and non-causality in Model B. It expresses, inter alia, the assumed exogeneity for GP quality and patient health. Its essence is that these variables, being modeled by (17), remain unaffected by the perturbations in the demand equation disturbances, and the errors in the measurement systems for demand (endogenous) and latent GP quality and latent patient health (exogenous). Since arguments may be raised that this model disregards a possible effect of GP quality on the listed patients' initial health status, we will in addition consider a modified version, Model C, in which this potential link is modeled and hence may be tested for.
Data Data sources and data design
Prior to the introduction of the regular GP scheme in June 2001, the health authorities gathered the information needed to assign GPs to the entire Norwegian population. All inhabitants were asked to rank their three most preferred GPs in an entry form. The GPs were asked to report the maximum number of patients they would like to take care of. The health authorities utilized this information as an input in an algorithm allocating inhabitants to GPs. Most people got listed with the GP whom they had consulted prior to the reform (Lurås, et al., 2003) .
Our data stem from The Norwegian General Practitioners Database supplemented by a measure of the GP density, as calculated from the number of contracted GPs in each municipality in June 2001, as well as aggregate age/gender specific mortality rates. The latter are calculated by means of aggregate mortality rates constructed by Statistics Norway. The Norwegian General Practitioners Database contains information on all Norwegian GPs, and the variables describing the individual GPs practice is provided by the National Insurance Administration (NIA) every six month. The database is administered by the Norwegian Social Science Data Services, who merge the information reported by NIA with socio-demographic variables as income, wealth and marital status, registered by statistics Norway. For GPs practicing in 14 municipalities, sampled by stratification, the database also includes characteristics for the patients who were listed in the GP's practice in June 2001, such as the median income and median wealth, and the proportion who have not finished high-school. For each GP we know the number of persons who ranked the GP at the top when returning the entry form, in this paper to be given the interpretation as an indicator of the demand facing the GP. After the reform was implemented, the GP database is updated at regular intervals to give the number of persons who are actually listed in the practice. After excluding observations with key variables missing, our unbalanced panel data set consists of a sample of 484 GPs observed up to 7 six-month periods. 2 The pattern of observation is described in Table 1 , from which we see that 441, or 91 %, of the GPs are observed in all 7 periods. Table 2 lists and defines the variables applied in this paper, Table 3 gives overall descriptive statistics for the variables, and Table 4 gives descriptive statistics of the GPspecific means of the time varying variables. Descriptive statistics for variables at the level of the municipality are given in Table 5 . We distinguish between variables observed at the GP level and variables which are observed at the municipality level and hence are common to all GPs practising in the same municipality.
The symbols used for the observable variables in the exposition of Models A and B above, (x, y, z), have their empirical counterparts among the the variables in Table 2 . This correspondence is given below (the GP subscript, for simplicity, suppressed): 
Variables at the GP level, including patient stock characteristics
The variables collected at the GP level and related to the mortality of the persons on the GP's list are DEAD, EXPDEAD, ACTMORT, EXPMORT, and EXCMORT. The number of individuals leaving the list and the number of mortalities on each individual GP's list during a six-month period is registered in the GP database, except for the year 2002, where this information is registered for the whole calendar year only. We have allocated the mortalities and the switches in this year on the two half-years, according to the list sizes in the two half-years. DEAD denotes the number of mortalities during a period, and
ACTMORT measures mortality per thousand listed patients. GPs with a relatively high proportion of elderly people on their lists are presumably recorded with a relatively high mortality rate in any period. In order to compensate for this heterogeneity when measuring excess mortality, we proceeded as follows: Among the information registered in the GP database is the number of listed males and females belonging to each of the age categories 0-7, 8-19, 20-29, 30-39, 40-49, 50-59, 60-69, 70-79 years, and 80 years and above. By applying the gender and the age specific death probabilities (Statistics Norway, 2005a ) and the age distribution in Norway (Statistics Norway, 2005b), we can for each GP calculate the expected number of mortalities, EXPDEAD, and the expected per thousand mortality rate, EXPMORT, i.e., EXPDEAD per thousand listed persons. This enables us to calculate EXCMORT: the difference between the actual and the expected mortality rates at the GP level, henceforth to be referred to as the GP-specific excess mortality rate From Table 3 we see that the overall mean of the actual number of mortalities during a six-month period (DEAD) is 5.63, and from Table 4 that its GP-specific mean ranges from 0 to 22 mortalities. The overall mean of the expected number of mortalities (EXPDEAD) is 5.12, with range from 0.05 to 23.9. By combining the aggregate death probabilities and the age-gender distribution of listed patients we have obtained a two-dimensional variable, with a mean value not far from the actual mean number of deaths according to the mortality statistics included in the General Practitioners Database. The overall mean number of mortalities per thousand listed persons is 4.76. Its GPspecific means range from zero to 28 deaths per thousand. EXPMORT has an overall mean of 4.24 deaths per thousand, and the GP-specific means ranges from 0.45 to 12.45. An important variable in the analyses is the excess mortality rate, EXCMORT. As explained, a positive (negative) value means that the mortality rate at the GP level is higher (lower) than expected from the age and gender distribution of the persons on each GP's list. We note that the overall mean of EXCMORT is positive. The reason for this could be, on the one hand that the mortality tables are constructed from cross-sectional variation in mortalities during a period of only one year, on the other hand that life expectancy is known to be lower than the national average in the municipality Oslo (Statistics Norway, 2006a & 2006b , which is the location of 426 of the 484 GPs in the data set. A third explanation may be that the number of deaths in the first period is somewhat overestimated. 3 We denote the number of consumers ranking a specific GP as the most preferred GP as DEMAND directed towards this GP. This variable is time-invariant, as the matching of GPs and patients has been undertaken only once in connection with the implementation of the regular GP reform in 2001. The average GP was preferred by 826 inhabitants, but there is a lot of variation. The most popular GP in our data set was preferred by 3152 inhabitants, whereas some GPs were not preferred by any inhabitants. Being requested by a large number of inhabitants in a municipality with a high GP density is not equivalent to be strongly requested in a municipality where the GP density is low. We have considered two ways of controlling for differences in GP density across municipalities. The primary one is to include a measure of GP density as an additional explanatory variable representing observed heterogeneity. The secondary one is to weight DEMAND by a measure of GP density. The specific measure of the GP density applied here is the number of GPs per thousand inhabitants in the municipality (GPDENSITY); see the next sub-section for an elaboration. The specific measure of weighted demand we used is the variables DEMAND1, obtained as the product of DEMAND and GPDENSITY. Taking DEMAND1 as the relevant demand variable in our analysis implies that a given number of first rankings is interpreted as a higher demand in a municipality with a high GP density than in a municipality where GP density is low. Prediction [P2] in Section 2 provides the rationale for transforming the demand variable in this way.
We have information on the number of persons leaving a GP's list in order to enroll on a competitor's list. 4 We refer to the proportion of listed persons leaving the list and switching to other GPs in the municipality as LEAKRATE, and interpret this variable as a time-varying indicator of the demand. Its overall mean is 3 %, its GP-specific means vary from close to zero to 27 %, and the between GP variation accounts for as much as 90 % of the total variation.
Our data set also reports the GP's age (AGEGP), gender (FEMALEGP), and marital status (MARRIEDGP) as well as the GP's birth country. We see that the average GP is 47 years old, that 36 % of the GPs are females and that 69 % are married. We have constructed a binary variable, IMMIGRGP, equal to 1 if the GP is born in a non-Scandinavian country. About 5 % of the GPs in our sample have this property. The variable denoted SALARY is a binary variable equal to one if the GP is remunerated by means of a fixed salary contract when practicing as a GP, and we see that 5 % of the GPs have this kind of contract.
The number of patients actually listed in the practice at the beginning and end of each period is registered in the GP database. To take account of within-period changes of this variable, we construct the average of the numbers recorded at the beginning and at the end of each period, giving the variable LISTSIZE. Its overall mean is 1211 persons, while its GP-specific means range from 153 to 2620.
Our data set also reports whether the GP is a specialist in general medicine (dummy variable SPECGEN), in community medicine (dummy variable SPECCOM) or in another medical field (dummy variable SPECOTH) -all of which are time-varying dummies, but the within-GP variation is small. Overall, 56 % of the GPs are specialists in general medicine, 7 % are specialists in community medicine. and 3 % are specialists in an other field.
Our GP-level data also contain the following information on the patients who were listed in the practice in June 2001: the median net income and median net wealth among the listed patients older than 30 years, the proportion of listed patients who are older than 30 and have not finished high school and the proportion of the listed patients who submitted the entry form signalling GP preferences. By construction, these variables are uni-dimensional, as this information is not updated after the implementation of the regular General Practitioner Scheme. The income and wealth variables, measured in 1.000 NOK, PINCOME and PWEALTH, have overall means 196.5 and 63.4, respectively. Not unexpectedly, they vary considerably: the GP whose listed patients are on average richest, have a median income twice that of the GP whose listed patients have the lowest median income. The corresponding median wealth, PWEALTH extends from −94.2 to 467.3. In the LISREL analysis, after some trial runs, we decided to exclude PWEALTH from the variable list, in order to ensure convergence. We suspect that the reason for this is that income and wealth are highly correlated.
Finally, PFORMSUB denotes the proportion of the listed patients who submitted the entry form prior to the implementation of the regular General Practitioner Scheme. This variable varies from nearly zero to one, indicating that some GPs were not assigned any patients who submitted the entry form, while other GPs were assigned only patients who submitted the form. The mean of this variable is 0.73, indicating that the average GP have a list where 73 % of the patients submitted the entry form. We denote by PEDUC the proportion of the listed patients who are older than 30 and have not finished high school. We see that the average GP have 45 % of the listed patients characterized by not having finished high school. This share also varies considerably, from 2 % to 81 %.
Variables at the level of the municipality
Some important variables reported are specific to the municipality in which the practice of the GP is localized. Statistics Norway has constructed an indicator of centrality, placing each Norwegian municipality in one of 4 centrality categories. This indicator captures, inter alia, the population density and the distance to the nearest city of a certain size. We refer to these categories, in an order of increasing centrality, as least central (LEASTCENT), less central (LESSCENT), central (CENTRAL) and most central (MOSTCENT). In our sample six municipalities are categorized as least central municipalities, one as being less central, three municipalities as being central, while three municipalities are categorized as most central. A description of the GP density measure, GPDENSITY, and the number of GPs within each municipality are given in Table 5 . We see that the range of GPDENSITY is from 0.55 to 1.57 GPs per thousand inhabitants. 
Estimation and test results
Our data set include several variables expected to be related to the individual quality of the GP, primarily the demand variable DEMAND and excess mortality variable EXCMORT.
It is important to note that information on the number of patient mortalities at the level of the GP is not publicly available in Norway. It is thus highly unlikely that individuals' choice of GP is directly related to these numbers. We derived from our theoretical model in Section 2, the prediction, [P1] , that a positive relationship exists between the quality of the individual GP and the demand facing the GP, even when individual consumers may have incorrect perceptions of GP quality. How perceptions are formed is unknown and we make no attempt to open this "black box", as an enquiry into the formation of human perceptions is beyond the scope of this paper. We let consumers be heterogeneous with regard to their preferences, the information they possess, and the way they process information. Consumers may choose the same GP for different reasons, or different GPs for the same reason. We expect however that the GPs' appearance, experiences from earlier consultations with available GPs, advice from relatives and friends and even rumor to enter the "black box" as inputs in the formation of individuals' quality perceptions. As explained in Sections 3 and 4, the statistical modeling of the 'causality chain' giving rise to this relationship is rather different in the two econometric models we consider, Model A and Model B. In addition, mainly as a robustness check of our main conclusion, results obtained from a third model, Model C -essentially a modification of Model B in one important respect -will be briefly considered at the end.
The estimation procedure for Model A, Version 2, represented by Equation (12), is, as explained in Section 3, a stepwise procedure. Using in both steps modules in the STATA 9 software, we estimate in the first step the effect of the variables representing observed heterogeneity and other assumed exogenous variables on the mortality rates and extract the predicted value of the random effect for each GP in the sample, ALPHAHAT. 5 In estimating this mortality equation, i.e., the second equation of (12), we allow for the possibility that the residuals are not independent within municipalities, and report robust standard errors. In the second step, this prediction, treated as an exogenous variable, is inserted in the demand equation, i.e., the first equation of (12). 6 For the multi-equation model, Model B, we apply the Maximum Likelihood (ML) procedure in the LISREL 8.80 software. 7 The actual number of linear equations to be simultaneously estimated is 25. In this model both the quality of the individual GPs and the unobserved aggregate health status of the listed patients occur as latent exogenous variables, as explained in Section 3.
Results for Model A
The mortality equation
The dependent variable in this equation is ACTMORT. Observable heterogeneity is controlled for in various ways. First, to control for differences in the age and gender distribution of the GPs' listed patients, we include the expected mortality rates EXPMORT as an explanatory variable. Second, to account for heterogeneity between municipali-ties of different centrality, we include the centrality dummies LEASTCENT, LESSCENT and CENTRAL. Third, to account for observable GP heterogeneity we include AGEGP, three GP speciality dummies as well as FEMALEGP. Fourth, we include variables describing the listed patients, with intention to control for the possibility that the average health status of patients varies between GPs. Since there is evidence in the medical literature that life expectancy and health status is related to education, income and wealth (Lantz et al., 1998 , Papas et al., 1993 , we include PEDUC, PINCOME and PWEALTH as proxies for the average health status of the persons listed with each GP. Fifth, as discussed in Section 2, still another kind of heterogeneity may also occur: individuals who chose not to submit the entry form stating their preferences for certain GPs, may have an average health status different from those who returned the entry form. We take account of this by including PFORMSUB as an explanatory variable. Since the range of PEDUC and PFORMSUB is restricted to the (0, 1) interval, we transform them by the log-odds using the formula ln( The results from the mortality equation are presented in Table 6 . All of the estimated coefficients except LEASTCENT, SPECGEN, AGEGP and AGEGPSQ are statistically significant, and the overall R 2 is rather high: 0.5071. The coefficient of EXPMORT is pos-itive, as expected, since high expected mortality should have a positive effect on actual mortality. Further, GPs having their practice in a central or less central municipality have a significantly lower patient mortality rate than GPs in most central municipalities. The negative estimated coefficient of LOSUBMIT indicates that GPs who were assigned a high proportion of the persons who expressed their GP preferences in advance, have lower patient mortality than GPs who obtained a low proportion of patients who actively selected their GP. The coefficient on the education variable is negative, which is not in accordance with intuition saying that GPs with a high proportion of low-educated patients have a higher mortality rate and may be attributed to education being correlated with income and wealth. 8 The estimated coefficients of income and wealth have the expected negative signs. Since these variables are measured in 1000 NOK, an increase in PINCOME and PWEALTH of NOK 100.000 would be accompanied by a reduction in the mortality rates of 0.97 and 0.94 deaths per thousand, respectively. We see that, ceteris paribus, the patient mortality rate of GPs who are specialists in community medicine is significantly higher and that of GPs who are specialists in a field other than general medicine and community medicine is significantly lower than the patient mortality rate of other GPs. Finally, female GPs have, ceteris paribus, a lower mortality rate of their patient stock than male GPs.
Statistics describing the predicted values of the GP specific heterogeneity variables, i.e., of the α 2j s obtained from the second equation of (12), denoted as ALPHAHAT, are given in Table 7 . According to our interpretation of Model A, α 2j represents a latent variable that is linearly related to quality, confer Equations (7) and (10). A histogram is given in Figure 1 . Its form is not very far from a bell-shape, although with an outlier at the right end, equal to 13.11 deaths per thousand.
We next proceed to consider the results for the demand equations, in which the AL-PHAHAT predictions are among its explanatory variables. The demand equation
The estimation results for the demand equation, in the two versions explained above, are presented in Table 8 . In panel A, to which we will give most attention, the dependent variable is DEMAND. Supplementary results, to investigate the sensitivity of the findings, when applying the GP density weighted measure of demand, DEMAND1, are given in panel B. In panel A, the GP density is included as a explanatory variable instead.
Explanatory variables included in both versions of the equation are the specialization dummies, SPECGEN and SPECOTH, which may be interpreted by the market as observable quality indicators. We also include the specialization dummy SPECCOM. We expect this variable to have a negative effect on demand. One reason for this may be that GPs who are specialists in community medicine are known to participate more frequently in the community health service than GPs who do not have this specialization (Godager and Lurås, 2007) , and as a result, they may supply fewer business hours per week and hence appear less attractive for patients. To take account of observable GP heterogeneity we in addition include dummy variables MARRIEDGP, IMMIGRGP and FEMALEGP, as well as AGEGP as explanatory variables. Because the demand variable is time invariant, cf. the first equation of (12), weighted between-GP estimation is used, the weighting being motivated from the differing number of observations behind the GP-specific means. The GP density has a statistically significant effect on demand, and its coefficient has the expected negative sign (Table 8 , Panel A). Second, the estimated coefficient of AL-PHAHAT is negative and statistically significant -supporting the intuition that increased (9, 474) 7.86 p-value 0.0000 * ) Significantly = 0 at the 5 % level (two-tailed test) * * ) Significantly = 0 at the 1 % level (two-tailed test) quality induces increased demand facing the GP. Furthermore, the estimated effect of MARRIEDGP and SPECGEN indicate that being married and being a specialist in general medicine contribute, ceteris paribus, to a higher market demand. While FEMALEGP is not statistically significant, AGEGP comes out with a positive and statistically significant effect. The latter results may be explained by the fact that a GP's age is correlated with the number of years in GP practice, and that a GP who has been practicing for a long time may be included in the choice set of a larger proportion of the consumers in the market. This mechanism, however, is not explicitly accounted for in our theoretical model. It would have been possible to capture it by introducing heterogeneous groups of consumers with different choice sets within the same market, and this can be done simply by furnishing the parameter N with a group subscript.
As to the signs of the effects as well as their significance, the results in Panel B are very similar to those in Panel A. Being married and being a specialist in general medicine are both estimated to have a positive effect according to this model as well, and again, AGEGP comes out with a significantly positive coefficient.
Results for Model B
The path diagram produced by the LISREL program, given in Figure 2 , is a useful starting point for the description of the approach. As explained in Section 3, the LISREL model consists of two parts: the measurement equations and the structural equations, representing the relationship between the latent variables. In the sequel, we will follow the conventional LISREL notation, letting latent variables be indicated by names having capitalized first letter, whereas observable variables are written without capitalized first letters. 9 The measurement model specifies how our unobserved, latent variables Quality, Health and Demand are indicated by observed variables; cf. equations (16) and (15).
By modeling the demand facing the individual GP as a latent variable we are able to utilize information on the rate at which patients leave the GP's list in order to join a competitor's list. This approach thus takes into account how the demand facing the GPs has developed after the introduction of the General Practitioner Scheme. In our case the measurement model consists of two parts. The measurement equations for the exogenous latent variables, in the LISREL notation in Section 3 referred to as ξ-variables, are henceforth referred to as the X-measurement model. The measurement equations for the dependent latent variable, in LISREL notation referred to as an η-variable, is henceforth referred to as the Y -measurement model. When interpreting the approach and the results below, it should be recalled that the panel structure of the data -including the repeated observations of patients leaving the GP's list as well as of the excess mortality rates at the level of the GP -is essential for obtaining the inference we want to make, as the three latent variables in focus on Model B, Quality, Health and Demand, are all time The results from estimation of the structural equation, corresponding to Equation (14) in Section 3, are given in Table 9 . Our first major finding is that the estimated effect of Quality on Demand is statistically significant and has the expected sign. Since the measurement scale of Demand is the number of first rankings measured in hundreds, the interpretation of the coefficient estimate of 1.36 obtained is that a marginal increase in Quality, equivalent to a marginal reduction in the excess mortality rates, increases Demand by 136 persons. Second, we find that the estimated coefficient of Health also is statistically significant with a positive sign, which implies that the more healthy a GP's patients are, for a given level of quality, the higher demand will be experienced. Also, the estimated coefficient of Femalegp is negative and statistically significant. We remember from Section 2 that heterogeneity of patients ability or willingness to collect and process available quality information may induce selection mechanisms resulting in systematic differences in morbidity and mortality between GPs with different levels of quality. We have no prior knowledge of the direction in which this selection mechanism may go. However, failing to control for differing aggregate health status of listed patients is likely to result in a simultaneity bias and/or an excluded variable bias when estimating the effect of quality on demand. Our approach separates the effect of quality on excess mortalities from the effect of health at the level of the GP through the exclusion restrictions imposed on the measurement equations for Quality and Health: six variables describing the GP are included in the measurement equations for Quality, but excluded from the measurement equations for Health, while three variables are included in the measurement equations for Health but excluded from the measurement equations for Quality.
The estimated covariance matrix of the latent variables is given in Table 10 . Our results indicate that there is a negative association between Quality and Health. What we observe is thus consistent with a situation where a selection mechanism exists such that The most important single result from estimation of Model C is that quality is found not to have significant effect on the aggregate health status of the GP's listed patients.
The X-measurement model
The left hand side of Figure 2 describes the relations in the X-measurement model. Arrows indicate the relation between the observable variables and the ξ variables, and the reported numbers on each arrow corresponds to the estimated or fixed 'factor loading'.Since latent variables by definition do not have a scale of measurement, the scale of the latent variables are defined by fixing one or more of the factor loadings. In order to make the results from LISREL estimation comparable to the results of the previous model we have scaled the ξ variable Quality to be measured in (negative) units of per thousand excess mortality rates. By fixing the factor loading of pincome on Health, we have scaled the ξ variable Health to be measured in units of thousand Norwegian kroner. Note that the arrows representing the fixed factor loadings are shaded compared to the massive arrows representing estimated factor loadings. Although formally treated as latent variables, the ξ-variables Femalegp and Immigrgp are identical to their observable counterparts femalegp and immigrgp. This is done by fixing the factor loadings to unity and fixing the error terms in the two corresponding regression equations to zero. The interpretation is that the GP's gender and country of birth is expected to affect the demand directly, without being indicators of either quality or health status of listed patients. The excess mortality rate from each period is entered as indicators of GP quality and as indicators of the aggregate measure of health status of listed patients. Other variables included as indicators of quality are dummy variables indicating GP specialization, a dummy variable indicating whether or not the GP is remunerated by means of a fixed salary, a dummy variable indicating whether or not the GP is married and the GP's age. The proportion of listed individuals without finished high school and the proportion of listed individuals who submitted the entry form in 2001 are included as indicators of the aggregate health measure. The results from estimation of the equations in the X-measurement model, corresponding to Equation (16) in Section 3, are given in Table 11 . The estimated factor loading of Quality on married, agegp and specgen1 are statistically significant, and the interpretation is that married GPs, GPs that are specialists in general medicine is associated with higher quality and that there is a positive relation between GP age and provided quality. We see that all the factor loadings of Health is statistically significant, and we see that excess mortality rates are negatively related to Health. We see that Health is positively related to the share of individuals who submitted the entry form in 2001, and that our latent aggregate health measure is negatively related to the proportion of listed individuals with short schooling, as expected. The estimated covariance matrix of error terms in the X-measurement model is given in Table 12 . We have added some restrictions on the correlation of error terms from different x-regressions. With some exceptions error terms from different regressions are uncorrelated. Error terms in regressions on the quality indicators related to GP 
specialization, specgen1, specoth1 and speccom1 are allowed to be correlated. Further, error terms on in the excess mortality rates regression from period t are allowed to be correlated with error terms in period t−1.
The Y -measurement model
The right hand side of Figure 2 describes the relations in the Y -measurement model. Here the observable variable demand1 enters the model as an indicator of the η variable Demand. The variable demand1 is identical to the GP density weighted number of first rankings applied in estimation of Model A. The factor loading of Demand on demand1 is fixed to 100 and the η variable Demand is thus measured in units of hundred first rankings. The log-odds-ratio of the proportion of listed persons leaving the list in period t, loleak t , are entered as indicators of Demand. The results from estimation of the equations in the Y -measurement model, corresponding to Equation (15) in Section 3, are given in Table  13 . We see that all the estimated factor loadings are statistically significant, and that the factor loadings of the loleak t variables and the factor loading of Demand on demand1 are of opposite sign, as one should expect. The estimated covariance matrix of error terms in the Y -measurement model is given in Table 14 . No restrictions are specified with regard to the structure of this matrix. 6 Discussion and conclusion
Our analysis supports the hypothesis that the demand responds to the individual quality of the GP. Even though our two different approaches to quantifying this effect rely on different assumptions and different methods, it may be argued that our two sets of results pointing in the same direction, contribute to strengthening this conclusion. Our results indicate that a marginal quality increase equivalent to a reduction of the mortality rate of one per thousand -being the implicit measurement scale of our quality indicatorincreases the demand facing the GP by 57 persons according to Model A and by 136 persons according to Model B. In interpreting this finding one should recall that the empirical results for Model A (presented in Section 5), rely on Version 2 from Section 3, which imposes an asymmetry in the way quality affects latent GP-specific heterogeneity in the two equations. The estimators used under Model A, although enjoying consistency under Version 2, are inconsistent if the less restrictive Version 1 is valid. The latter has been our primary motivation for also modeling latent heterogeneity within a LISREL framework. Our LISREL model, Model B, may be considered less restrictive than Model A and also enables us to address more appropriately the issue that the aggregate health status of listed patients, also considered an unobservable variable, is likely to be related to the mortality rates at the level of the GP.
We believe that this econometric modeling tool has a wider application in assessing the impact of quality of health care providers on demand for health services than the one presented here. Our LISREL model separates the effect of quality on outcome measures from the effect of patient health at the provider level through the exclusion restrictions imposed on the measurement equations for the latent variables Quality and Health. An idea for future research is to apply this modelling and estimation strategy to matched hospital-patient data, in order to measure the impact of hospital quality on demand. An important question from the point of view of policy implications is: how strong is the effect of quality on demand? In the context of regression models answers to such questions are often provided by means of appropriate elasticities. Due to the fact that the mean value of latent variables are undefined, the elasticities of interest, such as Quality elasticity of demand are also undefined. However, to get a 'metric' for assessing the magnitude of the effect we may compare the effect of quality on demand with the effect of the observable GP specific variables like the GP gender dummy and the dummy for whether or not the GP is born in a non-scandinavian country. In case of model B, this can be achieved by utilizing the standardized solution of our LISREL estimation in which all effects are scaled in terms of their standard deviation. The standardized solution thus obtained indicates that the effect of quality on demand is more than four times the effect of the GP gender dummy and ten times the effect of non-Scandinavian GP dummy. It is also illuminating to interpret the latter effect in relation to the standard deviation of the Quality variable σ Q (confer Table 10 ). We then find that an increase in quality equivalent to a reduction of the patient mortality rate by one per thousand corresponds to a change in Quality equal to 0.6397σ Q . An increase of this order of magnitude results in an increase in Demand corresponding to 16% relative to the global mean of DEMAND, given in table Table 3 . 
